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Implementation of transfer learning to classify 10 species of Iran snakes
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In this study using transfer learning method, a model has been developed to
classify pictures of Iran shakes in one of the 10 classes considered. Prediction
accuracy of snake type and poisoning severity (in three classes named:
venomous, semi-venomous, and non-venomous) using a limited dataset
(composed of 174 snake pictures divided into 112 pictures of the train dataset,
and 62 pictures of the test dataset) was the primary aim followed in this study.
The pre-trained model that our transfer learning model was based on it was the
EfficientNet model. After training the transfer learning model, it was evaluated
using the sensitivity, specificity, precision, F1 score, and accuracy criteria.
According to the results of this study, training phase of the model lasted about 60
minutes and its accuracy was 76%. Due to the fact that the model was trained on
a regular laptop computer without a GPU, its performance was acceptable.
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EfficientNet (EfficientNet) [32, 3,224, 224] [32,10] - Partial
—Sequential (features) [32, 3,224, 224] [32,1280,7,7] - False
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LSequential (4) [32, 40, 28,28] [32, 80, 14, 14] - False
L_MBConv (0) [32, 40, 28,28] [32, 80, 14, 14] (37,130) False
L_MBConv (1) [32,80,14,14] [32, 80, 14, 14] (102,900)  False
L_MBConv (2) [32,80,14,14] [32, 80, 14, 14] (102,900)  False
L_Sequential (5) [32,80,14,14] [32, 112, 14, 14] - False
L_MBConv (0) [32,80,14,14] [32, 112, 14,14] (126,004)  False
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L_MBConv (2) [32, 112, 14, 14] [32, 112, 14, 14] (208,572)  False
L_Sequential (6) [32,112,14,14] [32,192,7,7] - False
L_MBConv (0) [32, 112, 14, 14] [32,192,7,7] (262,492)  False
L_MBConv (1) [32,192,7,7] [32,192,7,7] (587,952)  False
L_MBConv (2) [32,192,7,7] [32,192,7,7] (587,952)  False
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L—Dropout (0) [32, 1280] [32, 1280] - -
L Linear (1) [32, 1280] [32,10] 12,810 True

Total params: 4,020,358 <————

Trainable params: 12,810 <——
Non-trainable params: 4,007,548

Total mult-adds (Units.GIGABYTES): 12.31

Input size (MB): 19.27
Forward/backward pass size (MB): 3452.09
Params size (MB): 16.08

Estimated Total Size (MB): 3487.44
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import torch
import torchvision
import matplotlib.pyplot as plt
from torch import nn
from torchvision import transforms
Ipip install going_modular
import going_modular
try:
from torchinfo import summary
except:
print("[INFQ] Couldn't find torchinfo... installing it.")
Ipip3 install -q torchinfo
from torchinfo import summary
try:
from going_modular.going_modular import data_setup, engine
except:
print("[INFO] Couldn't find going_modular scripts... downloading them from GitHub.")
1git clone https://github.com/mrdbourke/pytorch-deep-learning
Imv pytorch-deep-learning/going_modular .
Irm -rf pytorch-deep-learning
from going_modular.going_modular import data_setup, engine
device = "cuda" if torch.cuda.is_available() else "cpu"
device
import 0s
import zipfile
from pathlib import Path
import requests
data_path = Path("data/")
image_path = data_path / "Iran_Snakes"
train_dir = image_path / "train"
test_dir = image_path / "test"
weights = torchvision.models.EfficientNet_B0_Weights. DEFAULT
auto_transforms = weights.transforms()
auto_transforms
train_dataloader, test_dataloader, class_names = data_setup.create_dataloaders(train_dir=train_dir,
test_dir=test_dir,
transform=auto_transforms,
batch_size=32)
train_dataloader, test_dataloader, class_names
weights = torchvision.models.EfficientNet_B0_Weights.DEFAULT
model = torchvision.models.efficientnet_bO(weights=weights).to(device)
summary(model=model,
input_size=(32, 3, 224, 224),
col_names=["input_size", "output_size", "num_params", **
col_width=10,
row_settings=["var_names"]

trainable™],

)

for param in model.features.parameters():
param.requires_grad = False
torch.manual_seed(42)
torch.cuda.manual_seed(42)
output_shape = len(class_names)
model.classifier = torch.nn.Sequential(
torch.nn.Dropout(p=0.2, inplace=True),
torch.nn.Linear(in_features=1280,
out_features=output_shape,
bias=True)).to(device)
summary(model,
input_size=(32, 3, 224, 224),
verbose=0,
col_names=["input_size", "output_size", "num_params", "
col_width=20,
row_settings=["var_names"]

trainable™],

)

loss_fn = nn.CrossEntropyLoss()

v
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optimizer = torch.optim.Adam(model.parameters(), Ir=0.001)
torch.manual_seed(42)
torch.cuda.manual_seed(42)
from timeit import default_timer as timer
start_time = timer()
results = engine.train(model=model,
train_dataloader=train_dataloader,
test_dataloader=test_dataloader,
optimizer=optimizer,
loss_fn=loss_fn,
epochs=5,
device=device)
end_time = timer()
print(f"[INFO] Total training time: {end_time-start_time:.3f} seconds")
try:
from helper_functions import plot_loss_curves
except:
print("[INFQ] Couldn't find helper_functions.py, downloading...")
with open("helper_functions.py", "wh") as f:
import requests
request = requests.get("https://raw.githubusercontent.com/mrdbourke/pytorch-deep-learning/main/helper_functions.py™)
f.write(request.content)
from helper_functions import plot_loss_curves
plot_loss_curves(results)
from typing import List, Tuple
from pathlib import Path
def get_folder(dataset):
parent = Path(dataset).parent
if "." in parent.name:
return str(parent.parent)
return str(parent)
from PIL import Image
def pred_and_plot_image(model: torch.nn.Module,
image_path: str,
class_names: List[str],
image_size: Tuple[int, int] = (224, 224),
transform: torchvision.transforms = None,
device: torch.device=device):
img = Image.open(image_path)
if transform is not None:
image_transform = transform
else:
image_transform = transforms.Compose([
transforms.Resize(image_size),
transforms.ToTensor(),
transforms.Normalize(mean=[0.485, 0.456, 0.406],
std=[0.229, 0.224, 0.225]),

model.to(device)
model.eval()
with torch.inference_mode():
transformed_image = image_transform(img).unsqueeze(dim=0)
target_image_pred = model(transformed_image.to(device))
target_image_pred_probs = torch.softmax(target_image_pred, dim=1)
target_image_pred_label = torch.argmax(target_image_pred_probs, dim=1)
plt.figure()
plt.imshow(img)
plt.title(f"Pred: {class_names[target_image_pred_label]} | Prob: {target image_pred_probs.max():.3f} | Real Parent
Directory: {get_folder(image_path)}")
plt.axis(False);
import random
num_images_to_plot = 30
test_image_path_list = list(Path(test_dir).glob("*/*.jpg"))
test_image_path_sample = random.sample(population=test_image_path_list,
k=num_images_to_plot)
for image_path in test_image_path_sample:
pred_and_plot_image(model=model,

A
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image_path=image_path,
class_names=class_names,
image_size=(224, 224))
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